In recent years, many accidents of hazardous material transportation have been caused by dangerous driving behavior such as excessive speed or rapid speed change. To solve the problem, in this paper a series of indicators for driving behavior evaluation are selected for quantitative analysis based on the massive data of the operating vehicle networked control system. After that, three main indicators are introduced in detail, that is, the acceleration & deceleration behavior indicator, the over speed behavior indicator and the operation stability indicator. Then by using the GA-FCM clustering method, 40 drivers of hazardous material transportation are classified according to their behavior parameters. The results clearly show that the driving speed of the drivers with high-risk driving behavior, and most of the drivers with poor driving stability, are also at bad over speed level. Therefore, this paper creatively applies the method of combining factor analysis and GA-FCM clustering to the field of driving behavior of hazardous material transportation. It will facilitate enterprises and management departments to focus on controlling high-risk drivers, thereby reducing accidents.
I. INTRODUCTION
Nowadays, there are about 10,000 enterprises, 300,000 vehicles and millions of drivers of hazardous material transportation. The annual transportation of hazardous material in China is about 1 billion tons, accounting for more than 60% of various modes of transport, ranking second in the world [1] . In recent years, hazardous material road transportation is safer, but there are still many problems to be solved. The main cause of the hazardous material transportation accident has not been fundamentally controlled. Although the probability of road transport accidents of hazardous material is relatively low, it is often accompanied by high risk. For example, the accident occurred in Jinji expressway of Jincheng, Shanxi on March 1, 2014, resulting in the death of forty people [2] . The research on hazardous material has always been one of the hot issues in the field of transportation safety, and some progress have been made. However, the analysis based on big data has not been fully developed.
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Many scholars have done some research on the transportation of hazardous material. Route optimization based on risk analysis is common in the study of hazardous material transportation. Shen et al. established a multi-dimensional evaluation model of hazardous material transportation by analyzing the traffic accidents of road hazardous material in various countries, and discussed the path optimization of the hazardous material transportation [3] . However, the research rarely reflects the important influence of driving behavior on transport safety. Grabarek and Beczkowska concluded that the fundamental causes of the accidents are the exceeding the permissible speed, the non-observance of traffic regulations, and the tiredness, by analyzing the data of accidents involving hazardous material in road transportation of the National Police Headquarters [4] . In view of the characteristics of hazardous material transportation, Xiao and Li have developed a multi-information monitoring system for hazardous material transport vehicles and drivers, hoping to reduce accidents [5] .
Although the system performs real-time monitoring and early warning for vehicles and drivers, it fails to make full use of VOLUME 8, 2020 This work is licensed under a Creative Commons Attribution 4.0 License. For more information, see http://creativecommons.org/licenses/by/4.0/ historical data, ignores the driving laws of drivers, and cannot identify high-risk drivers in advance. On the other hand, the networked control system for operating vehicles has been the focus of the Ministry of Transport on construction and promotion throughout the country in recent years. The system realizes the collection of networked control data for operating vehicles, including the transport of hazardous material. As a result, a huge amount of data has been accumulated. There are a series of emerging problems, including how to make full use of the networked data, whether it is possible to analyze the characteristics of operation and driving behavior in hazardous material transportation combined with big data analysis technology, whether scientific laws can be excavated, and whether effective regulatory and preventive measures can be put forward in a targeted manner.
In the study of dangerous driving behaviors, Tomar and Verma studied the dangerous driving behavior that drivers frequent change the way. They collected parameters such as vehicle position coordinates, vehicle speed, acceleration and vehicle spacing from vehicle sensors, and made longterm and short-term predictions of vehicle lane change trajectory by using neural networks [6] . Mehar et al. describes the driver's behavior with aggressive grade, and models the driver's behavior with the characteristics of speed and acceleration [7] . Research shows that an aggressive driver often has a large number of sudden speed changes in the process of driving, which will cause rapid acceleration or deceleration. The speed changes too fast, which leads to the driver must have more operations to adjust in a short time. In this case, traffic accidents are more likely to happen. Shirmohammadi et al. used questionnaires and statistical methods to cluster 681 drivers according to driving behavior and driving skill variables, and the results indicated that offensive cluster is the first unsafe subgroup among clusters and skillful cluster is classified as the safest subgroup among clusters [8] . Using the same questionnaire Asghar razmara et al. researched the dangerous behaviors of taxi drivers in the city of Abbas, Iran. The results showed that risky driving behaviors were shown to be significantly more prevalent among drivers with previous experience of crashes or tickets than drivers with no such experiences [9] . From this perspective, those drivers who are accustomed to bad behavior are a dangerous group of people for road safety.
Our study makes full use of the massive data of the networked control system for operating vehicles, and takes the data of hazardous material transport vehicles in a province for one week as the research object. The first step in our work is to extract the characteristic parameters involved in driving behavior, and then explore the law of driving behavior of hazardous material transportation by the combination of Factor Analysis and GA-FCM clustering. The innovation of this work is to develop a new approach for hazardous material transport enterprises and regulators to assess the relative risks of drivers, which facilitates targeted management and control in the future.
II. INFORMATION ACQUISITION AND INDEX SELECTION A. ACQUISITON OF INFORMATION
The collection of traditional road transportation information is a summary of static data, which cannot provide real-time information to managers. The operating vehicle networked control system can transmit information to the corresponding platform in real time, such as the vehicle dynamic location information, vehicle transportation management information and cargo transportation information, realizing the trans regional exchange of dynamic data of key operating vehicles. Therefore, it solves the problem that the provincial road transport management departments cannot supervise the vehicles in other provinces, and provides an effective technical means for cross regional and cross departmental joint supervision of operating vehicles. The organizational structure of the national networked control platform is shown in Fig.1 . Using this system, we collected the data of 40 hazardous material transport vehicles travelling on a fixed national road within a week, which mainly includes the location, road information and speed information, etc.
B. SELECTION OF INDICATORS
The information we collect needs to be screened and processed to characterize the driving behavior of hazardous material transport. However, it is difficult for single indicator to reflect the driving behavior law accurately, as there are a variety of factors affecting driving behavior. Therefore, it is necessary to analyze and summarize several indicators which can reflect the characteristics of driving behavior actually, so as to ensure the scientific and integrity of the law of driving behavior.
1) PROPORTION OF SPEEDING
In hazardous material transportation accidents, the consequences are often serious. Because of the large quality of vehicles and the long driving time of drivers, the possibility of accidents is increasing. Moreover, the inflammable and explosive materials transported also increase the severity of the consequences of the accident. At the same time, speeding can affect the probability and severity of accidents [10] .
The proportion of speeding will be used as one of the indicators to characterize driving behavior. In accordance with the relevant provisions on road safety, the province strictly limits the maximum speed at which vehicles of hazardous material transport travel at the national road must not exceed 80km/h. It is clearly that when the speed of a vehicle exceeds the limit value, it is speeding. The proportion of speeding is calculated as (1) .
where w is the proportion of speed exceeding 80km/h, m is the number of samples with a speed greater than or equal to 80km/h, n is the total speed sample.
2) AVERAGE SPEED, STANDARD DEVIATION AND V85-V15
According to the accident statistics, the higher the average speed, the greater the dispersity of speed, the higher the accident incidence [11] . Therefore, this paper selects the average value and the standard deviation as the characteristic indices of driving behavior. Range can also describe the dispersion of speed. Rank the speed values from big to small, then we use v 15 and v 85 to represent the speed value of the 15th and 85th percentages. Considering the contingency of the maximum and minimum speeds, we use v 85 − v 15 instead of the range to express the speed dispersion, that is:
where v i is the speed value of ith times acquisition,v is the average speed, v s is the speed standard deviation, n is the total speed sample.
3) THE MEAN AND STANDARD DEVIATION OF POSITIVE ACCELERATION
Drivers need to adjust speed frequently during the driving. Simple speed index can-not judge whether the driving behavior is reasonable, and the impact of road environment on driving is also reflected in the acceleration, that is, the accelerator pedal, brake pedal control. Therefore, this paper selects the mean and standard deviation of positive acceleration as the parameters to reflect the driving behavior characteristics. The positive acceleration a + i is calculated as (5), the mean positive acceleration a + a is calculated as (6) , and the positive acceleration standard deviation could be represented as (7) .
4) THE MEAN AND STANDARD DEVIATION OF NEGATIVE ACCELERATION
Negative acceleration reflects the result of the driver manipulating the brake pedal. The greater the negative acceleration, the greater the urgency of vehicle braking, which will not only affect the safety of drivers and vehicles, but also cause greater wear and tear on vehicle installations and reduce the life time of components. Therefore, the mean value and standard deviation of negative acceleration are selected as important parameters. The negative acceleration a − i is calculated as (8), the mean negative acceleration a − a is calculated as (9) , and the negative acceleration standard deviation a − s is calculated as (10) .
In summary, the driving behavior characteristic parameters of 40 vehicles are calculated, and the results are shown in Fig.2 and Fig.3 . In other words, vehicles with large range and standard deviation also have higher average speed and overspeed ratios. Therefore, we can assume that drivers with poor driving habits may perform poorly in terms of operational stability and overspeed control. Fig.3 shows the data of acceleration related indicators, which reflect the vehicle acceleration and deceleration. We notice that the trend of the positive and negative acceleration average is consistent, so is the standard deviation. In other words, the rapid acceleration of a vehicle is often accompanied by a sudden brake. For the eight indicators selected, we need to verify and study whether there is correlation between them and whether they can effectively represent driving behavior through data mining.
III. FACTOR ANALYSIS
Factor analysis refers to the statistical technique of extracting common factors from variable groups. Factor analysis can identify hidden and representative factors in many variables [12] . By putting variables of the same nature into a factor, the number of variables can be reduced, and the hypothesis of the relationship between variables can be examined. The goal of this work is to reduce the driver's behavioral dimensions and simplify the analysis process while ensuring that the original information is hardly lost.
A. FACTOR FEASIBILITY VERIFICATION
Before the factor analysis is carried out, it is usually necessary to use KMO and Bartlett's Test of Sphericity to test the applicability and index correlation of the sample.
KMO and Bartlett's Test of Sphericity are two important methods used to test whether the original variable is suitable for factor analysis [13] . The KMO( KaiserčMeyerčOlkin) is used to test whether the sample data is applicable to factor analysis. The Bartlett's Test of Sphericity is used to check whether the indicator is independent. The test result is shown in table 1. It is shown that the KMO values of each variable are 0.637 (>0.6), indicating that there is a good correlation between the indexes. The result of the spherical hypothesis test of sample data is 0.000, and the 0 hypothesis is rejected, which indicates that the sample is sufficient and the factor analysis can be carried out by the data. 
B. EXTRACTION OF MAIN FACTORS
The main idea of the analysis is to try to replace the original indicators with a new set of unrelated comprehensive indicators. While using the main factor extraction method to satisfy the data index to reduce the dimension, it is also necessary to synthesize information as much as possible. The common principle for determining the number of principal components is that the cumulative variance contribution rate is not less than 85%. The following eight components are obtained from the linear combination of the original indicators, and their contribution rate is shown in table 2.
Moreover, the gravel map can also be used to determine the optimal number of principal factors. In the gravel map, horizontal coordinates represent the number of factors, longitudinal coordinates represent the eigenvalues, and the steep part of the connection of the factor eigenvalues is the number of main factors to be taken. The gravel map of the eigenvalue studied in this paper is shown in Fig.4 . As you know from Fig.4 , the eigenvalue of the first three main factors is larger and the connection is steeper, that is, the first three main factors contribute the most to the explanatory variables. Combined with table 2, we know that the first three main factor lambda values are greater than one. Therefore, we extract three main factors in this paper. Since the contribution rate extracted of cumulative variance is 88.138%, the most of information of driver driving behavior index is combined. The loss of information is less, and the factor analysis effect is ideal. Finally, three main factors are extracted for analysis in this paper. Table 3 is a matrix of factor loading that shows the loading on the original indexes of three main factors, from which we can get the following three conclusions:
1) The first main factor has a strong correlation with the acceleration, and it has a weak correlation with standard deviation of speed and v 85 − v 15 .
2) There is a strong correlation between the second main factor and proportion of speeding and average speed respectively, but there is also some correlation with speed standard deviation.
3) The third main factor has a great correlation with v 85 − v 15 and standard deviation of speed.
C. FACTOR ROTATION
After analyzing table 3, it is difficult to describe the practical significance of the three main factors accurately. Thus, the factor rotation is required for the three main factors. There are many methods for factor rotation. In this paper, the method of varimax with Kaiser normalization is adopted. Each column element of factor loading matrix will pull as much distance as possible. The factors after rotation are better correspond to the actual problem. Table 4 is the cumulative contribution rate of the main factors variances after rotation.
As can be seen from table 4, the cumulative contribution rate of three main factors variance is still 88.138% after factor rotation, which proves that the factor rotation does not affect the communalities of the original variable. However, the variance contribution rate of each factor is changed, which makes the factor easier to explain. Table 5 is the load of the new three main factors on the original indicator after the factor rotation.
It is concluded from table 5 that the correlation coefficients between the three main factors after rotation and the original factors, so this paper defines the three main factors as the acceleration & deceleration behavior indicator, over speed behavior indicator and operation stability indicator.
IV. ANALYSIS OF DRIVING BEHAVIOR CHARACTERISTICS OF GA-FCM A. SELECTION OF CLUSTERING ANALYSIS METHOD
Clustering is the process of grouping data into similar properties, which is widely used in data mining. At present, clustering methods are very extensive, and clustering algorithms can be roughly divided into six categories: hierarchical, partitionbased, density-based, network-based, model-based and fuzzy clustering algorithm.
Fuzzy C-Means Clustering algorithm (FCM) is an important approach of unsupervised learning. The algorithm has the following advantages: simple structure, strong local search ability and fast convergence [14] . Therefore, the FCM is used in this paper.
The FCM algorithm solves the optimal value of the objective function by iteratively optimizing the cluster center and the membership matrix [15] .
The objective function of FCM is:
where X j represents the jth of d-dimensional measured data, c i is the center of the cluster, u ij indicates the degree of membership of X j in the cluster i, and m is the fuzzy factor. The updated formula of u ij is:
The updated formula of c i is:
The termination condition is:
However, the initialization has a great impact on the FCM algorithm, and it is easy to fall into local minima during iteration. The genetic algorithm searches for the optimal solution by simulating the evolution of genes in nature, which has the advantage of parallelism and global scope for search. We combine the powerful global optimization ability of genetic algorithm and the fast convergence speed and efficient local optimization ability of FCM clustering algorithm to cluster the data set quickly and efficiently, so as to get the optimal clustering results needed.
B. GA-FCM CLUSTERING ALGORITHM
Basic idea: FCM clustering algorithm is used to make each data in the data set quickly tend to its own extreme point, while genetic algorithm is used to get rid of the local minimum that data may fall into in the process of convergence [16] . Repeat the above operation until the optimal clustering result is obtained. In this paper, We carry out experiments by Matlab 2016Rb.
The operation steps of GA-FCM are as follows:
Step1: Initialization of parameters. Custom parameters of the genetic algorithm, including population size PS, crossover probability P c , mutation probability P m , initial iteration number t = 1 and maximum iteration number t max ; Custom parameters of the FCM clustering algorithm, including clustering classification number c and Fuzzy factor m.
Step2: Coding and population initialization. The chromosome coding scheme of genetic algorithm in clustering research is shown as Fig.5 . According to this rule, we perform floating point coding, and generating a population X with n research objects as initial individuals randomly, that is X = {x 1 , x 2 , · · · , x n }. Step3: Calculate the fitness of individuals in the GA-FCM clustering algorithm population. The larger the individual fitness evaluation value is, the more likely it is to be selected. Fitness evaluation function is:
Step4: Through genetic algorithm, individuals in the population are selected, crossed and mutated to produce a new generation of individuals.
Step5: If t = t max , the genetic algorithm ends, output the final data, and turn to Step6; otherwise, set t = t + 1, and return to Step3.
Step6: The final data obtained from t = t max is the global optimal solution of the GA-FCM clustering algorithm, and the entire data set is divided according to the global optimal solution.
Step7: End the algorithm. The GA-FCM clustering algorithm flow is shown in Fig.6 . 
C. CLUSTERING RESULTS
We apply the above GA-FCM clustering to 40 vehicles to carry out the cluster analysis of driving behavior according to the three main component indexes after factor rotation. In clustering algorithm, we set PS = 40, P c = 0.7, P m = 0.01, t max = 100, c = 4, m = 2. The results of clustering and driving behavior evaluation are shown in tables 6, 7 and 8.
The results of clustering with acceleration & deceleration behavior as an indicator are shown in table 6, where drivers are divided into four categories. The proportion of drivers with reliability operation is 67.5%, compared with 10% of the drivers who accelerate or decelerate severely. The transport of hazardous material is generally long-distance driving, so the proportion of drivers using emergency braking and rapid acceleration is relatively low [17] . Excessive use of emergency braking and accelerator pedals can cause tire wear, increase engine load, etc. Furthermore, due to the particularity of the hazardous material, violent acceleration or deceleration behavior can aggravate the shaking, collision and friction of hazardous material, resulting in changes in the state of hazardous material and increasing the risk in the transport. Table 7 shows the clustering results according to the driver's speeding behavior index which can be divided into four categories. Although the proportion of each type of driving behavior is similar, vehicles with severe speeding still occupy a larger proportion. Taking a further analysis of the clustering results in Tables 6 and 7, we can see that most drivers with frequent and severe acceleration and deceleration are also in overspeed. Speeding is a vital cause of the serious consequences of the accident. The common rear-end and overturning in hazardous material transportation accidents is caused by speeding [18] . Once the accident occurs during high-speed driving, the consequences are generally unacceptable.
Clustering results are shown in table 8 with operation stability indicators. It is worth noting that only 15% of drivers are in an ''Excellent'' state. Since the vehicles of hazardous material transportation are mainly articulated heavy vehicles with higher center of mass, heavier mass, lager volume. During the driving, big change of speed will lead to violent shaking of liquid, which seriously affects the reliability of vehicle. Then, we integrate the three clustering results into Fig. 7 . The four colors in Fig. 7 represent four evaluations. We can see that the proportion of evaluation results varies greatly when clustering with different indicators. Taking speeding as the clustering indicator, the ''very bad'' accounted for the highest proportion, which proves that many drivers engaged in the transportation of hazardous material would ignore road speed limits in order to pursue higher efficiency. This will bring many unsafe factors, so more measures should be taken to make drivers develop good habits.
D. RESULT TEST
Silhouette coefficient is an evaluation method of clustering effect. It combines cohesion and resolution [19] . It can be used to evaluate the impact of different algorithms or different operation modes on clustering results based on the same original data. The silhouette coefficient expression of a point i is:
where a (i) is the average value of the degree of dissimilarity of I vector to other points in the same cluster, b (i) is the minimum value of the average dissimilarity from I vector to other clusters. Similarly, we use traditional FCM to cluster with three principal components, and calculate the silhouette coefficient of the results of two different methods as shown in Table 9 .
From table 9, we can see that the silhouette coefficients of the improved method are all closer to 1, that is, the cohesion and separation are relatively better. So the improved GA-FCM in this paper has better clustering effect.
V. CONCLUSION
Our research provides a new data mining application about the driving behavior of hazardous material transportation, with the aim of realizing the scientific clustering of driving behavior by combining factor analysis and cluster analysis. The results show that we can easily identify these drivers, who tend to accelerate or decelerate sharply, drive unsteadily, and overspeed severely. The drivers with higher driving risk need to be monitored directly. In practice, the research conclusion has a good reference for the hazardous material transportation enterprise and the industry management department. If we monitor the driver's irregular behavior in time and focus on the education, the safety of hazardous material transportation can be ensured to a certain extent, and the number of accidents are reduced.
In future research, the approach will be extended to extract more effective driving behavior characteristic parameters based on data of networked control system of the operating vehicle, and explore the driving law of hazardous material transport drivers.
